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Overview of the problem

Platform

⋯

−∆𝑢 = 1

−div(𝜎(u)) = 0

curl curl E + E = 𝑓

-grad(𝛼 div(F)) + 𝛽 F = f
⁞

Preconditioner

Linear Solver

??    

models

 Many computational science 
and engineering (CSE) code rely 
on solving sparse linear systems

 Performance of a linear solver 
depends on 
— input problem
— data representation
— algorithmic
— Implementation
— platform

 Need to choose an optimal 
solver for a given problem
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Problem setup

Preconditioners Linear solvers

NONE, JACOBI, NEUMANN,

LS, DOM_DECOMP, ILU,

ILUT, IC, ICT, CHEBYSHEV,

POINT_RELAXATION,

BLOCK_RELAXATION, 

AMESOS, SORA, IHSS

GMRES, GMRES_

CONDNUM, GMRESR, CG, 

CG_CONDNUM, CGS, 

BICGSTAB, TFQMR, FIXED_PT

MFEM UFL

879 matrices

generated for 

PDE-based 

problems

361 chosen 

matrices 

PC-LS choices 𝑁𝐶 = 𝑁𝑃 ∗ 𝑁𝑆Matrix data 𝑁𝑀

 Given an input matrix and a set of PC-LS choices, 
— predict the fastest choice to solve the linear problem for novice users

 Two sources of matrix data
— MFEM data: representative of PDE-based simulations

• E.g., heat transfer, structural mechanics, accelerator design, radiation diffusion flow,

— University of Florida (UFL) data : collected from various domains

 PC-LS choices from Trilinos (ver. 11.12.1): Aztec + Ifpack
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Candidate model features
to understand prediction capability

 Basic: readily computable

 Advanced: expensive to compute

 Domain-specific: expert knowledge
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problem 

sensitive

Jacobi

+CG

mesh  sensitive
𝑰 𝒑

𝒓
𝒆
𝒅

problem and 

mesh sensitive

insensitive

𝑰 𝒑
𝒓
𝒆
𝒅

𝑰 𝒑
𝒓
𝒆
𝒅

𝑰 𝒑
𝒓
𝒆
𝒅

𝑰𝒐𝒃𝒔 𝑰𝒐𝒃𝒔

𝑰𝒐𝒃𝒔 𝑰𝒐𝒃𝒔

𝑅2 = 0.40 𝑅2 = 0.96

𝑅2 = 0.10 𝑅2 = 0.28

Challenges in data and initial attempt
with linear regression to predict execution time

ILU+GMRES
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• Identifying/designing important features

• Too many branching on categorical features → not scalable/not general

• Highly skewed distribution

• System noise

𝑁𝑟𝑢𝑛𝑠 = 𝑁𝑀 ∗ 𝑁𝐶 ∗ 11 ∗ 10
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Selecting features based on relative importance
identified by Gradient Boosted Machine (GBM)
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𝑅2 = 0.71 𝑅2 = 0.79

𝑅2 = 0.86 𝑅2 = 0.88
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select if 

greater

GBM fit score

Can we 

do better?
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Neural word embedding

ℎ

𝑦𝑥

𝑾
(𝑛 × 𝑝)

𝑾′
(𝑝 × 𝑛)⁞ ⁞

hidden

layer

output

layer

input

layer
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0

0
0
1

0
0
0

𝑛 = 𝑁𝑀 +𝑁𝐶

Training data

{𝑚𝑖|𝑐𝑗}
 Based on neural network

 Low-dimensional representation
— Vector space W

 More similar words closer in space

 Preserves many linguistic regularities and 
patterns

 Word2Vec (Mikolov et al., ’13)
— Train 100 billion words in a day

𝑾𝑻𝒙 → 𝒉 𝒇(𝑾′𝑻𝒉) → 𝒚

vec(“Madrid”) - vec(“Spain”) + vec(“France”) ≈ vec(“Paris”) 

Madrid

Spain

France

Paris
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Modeling approach
performance vector space by word2vec

 Performance vector space (PVS)
— Weight matrix (𝑊) learned between 

input layer and hidden layer

 To represent matrix relation in a 
lower dimension space

 Map from PVS to label
— Weight matrix (𝑊’) learned between 

hidden layer and output layer

 To determine a set of PC-LSs that are 
effective for the given matrix
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Overall workflow

Predict fastest 

PC-LS and 

associated T for 

a new matrix

Learning

Predicting

Select similar training examples 

based on matrix features
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Predicting execution time for MFEM matrices
predicted vs. observed
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Prediction error (ARE)

𝐸 =
𝑦𝑝 − 𝑦𝑜
𝑦𝑜

Feature set F1 F2 F3 F4 Blind

SVM 1.58 2.08 3.42 2.06

0.14K-NN 3.66 1.68 0.39 1.76

Ours 0.18 0.025 0.03 0.025M
e
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 e
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rs

Absolute Relative Error (ARE)

LLNL-PRES-689420

𝑦𝑝: predicted time

𝑦𝑜: observed time

Impact of ineffective outlier handling in classification
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Predicting execution time for UFL matrices
predicted vs. observed
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 Our method outperforms in terms of absolute relative error (ARE)
— in the presence of outlying data

— Even when classification accuracy is lower than SVM and k-NN

 This helps users to identify optimal or close to optimal PC-LS choices

User-centered metric
ARE vs. Classification accuracy (%)

Feature set F1 F2 F3 F4 Blind

SVM 73.4 75.8 76.0 80.1

69K-NN 72.8 75.1 74.6 78.6

Ours 70.1 74.2 75.2 77.9

M
F

E
M
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Conclusion

 Data-dependent performance modeling

 Highly challenging dataset
— Large number of classes, categorical features, limited amount, skewed 

label distribution, outlying data

 Formulated the problem as a classification problem of predicting 
the fastest PC-LS choice for a given matrix
— Neural word embedding to take advantage of patterns in relationship

• Between matrices, and between matrices and PC-LS choices

— Consistent feature space and performance vector space (PVS)

 User-centered metric
— Outperforms in the presence of outlying data in terms of absolute relative 

error (ARE)
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